Monitoring the reticuloruminal pH of dairy cattle using bolus devices is becoming increasingly 2 affordable, but making sense of the resulting mass of data is challenging. "Describing temporal 3 variation in reticuloruminal pH using continuous monitoring data" by Denwood et al. demonstrates 4 statistical models that summarize these data into a daily evaluation of the functional state of the 5 rumen. These summaries are able to predict a future reduction in milk yield and feed intake in 6 apparently healthy dairy cattle. Development of automated monitoring systems based on this work 7 could have a large impact on milk production in industrialized settings. to a range of health problems including ruminitis, liver abscess, left displaced abomasum, diarrhea, 55 laminitis and poor milk production (Dirksen and Smith, 1987; Nordlund and Garrett, 1997; Garrett 56 et al., 1999; Plaizier et al., 2008) . Evaluation of reticuloruminal pH is therefore of interest, with 57 most clinicians using a single observation to define the status (Nordlund et al., 1995; Nordlund and 58 Garrett, 1997) . It is now possible to continuously monitor pH values using remote sensing data, but 59 this generates a large volume of data that can be very challenging to interpret. As a result, 60 researchers using continuous pH monitoring techniques to investigate diet and acidosis have most 61 often used average values or threshold approaches for evaluating reticuloruminal pH. For example, 62 Khafipour et al. (2011) used the overall mean pH for an individual animal over a period of time and 63 the number of minutes that the pH was seen to be below 5.6. We aim to define and diagnose 64 abnormal reticuloruminal pH by identifying deviations from normal pH patterns, rather than the 65 number of observations below a given threshold. In order to achieve this goal, we first require the 66 range of normal pH conditions to be described and quantified. 67
68
Statistical methods can be used to help quantify and explain some of the observed variability in pH 69 over time, and may also be able to identify periods of the pH time series that are not broadly 70 consistent with predictions. These discrepancies can be quantified based on residual variation 71 between the fitted model and observations. There are several statistical methods that can be used to 72 deal with time series data with temporal patterns, including recurring temporal patterns with known 73 frequency, such as predictable daily fluctuations. A descriptive method (such as a linear 74 decomposition or smoothed average) can be used in order to separate the predictable temporal 75 F o r P e e r R e v i e w 4 variation from the longer-term patterns in the data. For example, Maatje et al. (1992) modeled the 76 daily milk yield of dairy cows, which is known to follow a characteristic curve over time (Wood, 77 1967; Cole et al., 2009) , using a simple moving average where significant deviations between the 78 observed milk yield and the yield predicted by the moving average were considered indicative of 79 mastitis. More recently, Ostersen et al. (2010) implemented an oestrus detection model based on the 80 diurnal frequency of individual sows visiting a boar, by dividing the 24 hours of the day into 4 81 periods of 6 hours and then assigning an expected average frequency per period. 82
83
Another method is to fit a model that includes sinusoidal effects (with known frequency and 84 varying amplitude and phase shift) in order to account for and analyze the recurring patterns. Fitting 85 increasing numbers of these sine waves with different frequencies allows any temporally recurring 86 pattern to be described using the sum of its harmonics, although at the cost of a potentially large 87 number of degrees of freedom. For example, Madsen et al. (2005) modeled the daily drinking 88 pattern of weaned pigs using between 1 and 12 harmonic waves implemented within a dynamic 89 linear model (DLM). The same authors have also shown that significant deviations between this 90 model and the observed drinking pattern correlate with undesirable events such as diarrhea and herd 91 management problems (Madsen and Kristensen, 2005) . Similarly, Jensen et al. (2017) modeled the 92 drinking behavior of slaughter pigs using the sum of 3 harmonic waves implemented in a DLM, 93 with the purpose of detecting diarrhea or pen fouling. 94
95
A third option is to fit 1 or more sine waves at frequencies corresponding to known (or suspected) 96 biologically relevant influences on the parameter of interest. For example, a sine wave with a 97 frequency corresponding to a daily cycle over 24 hours could be an appropriate way to deal with 98 predictable daily variation due to a regular routine. We prefer this option as it allows the most 99 Wireless, indwelling rumen pH and temperature-monitoring boluses with a measurement interval of 126 600 seconds were used in all animals (smaXtec animal care GmbH, Graz, Austria). The pH probes 127 of the boluses were all calibrated in pH 4 and pH 7 buffer solutions before administration to the 128 animals per os. Individual pH records were graphically assessed to remove any readings that were 129 not compatible with rumen conditions (pH ≥ 10 or constant pH) from the beginning and end of the 130 time series. Additionally, the first 12 hours and the last hour were removed from all data series to 131 allow calibration time and unreliable readings from failing boluses, respectively. All data series 132 were limited to a maximum of 50 days of observation, as per the manufacturer's guarantee. Where θ is a known parameter reflecting the time of day that is transformed to the interval [0, 2π] , 147
A is the amplitude, and θ 0 is the phase shift. The 2 terms α and β are linear parameters on the 148 interval (-∞, ∞) that are typically estimated, and are related to A and θ 0 by: 149
Where atan2 is the 2-argument arc-tangent. 150
151
A fixed frequency of 1 cycle per day was used for the first sine wave to describe diurnal variation. 152
In addition, a second sine wave with a fixed frequency corresponding to 2 or 3 cycles per day (but 153 with equal spacing between the times of milking events rather than equal spacing throughout the 154 day) may be justified in order to explain the influence of farm management factors associated with 155 the frequency of daily milking. The θ parameter was therefore derived from the time of day in order 156 to correspond to 2 different hypothesized cyclical events: diurnal variation on a 24-hour cycle, and 157 cyclical patterns corresponding to each milking event. The total within-day variation was modeled 158 as the sum of up to 2 separate sine waves that were simultaneously fit using periods of (a) 24 hours, 159 and (b) 2 or 3 daily milking events (depending on the on-farm milking frequency). The daily 160 milking events were timed to correspond to unequally spaced milking times, which were 161 approximated for all farms as 04:30 & 15:30 h for twice daily, and 04:30, 13:00 & 20:00 h for those 162 with 3 daily milking times. 163
164
In addition to the cyclical temporal patterns discussed above, there may be longer-term temporal 165 trends that can affect the average pH on this longer time scale. Therefore, before fitting the linear 166 model, a generalized additive model (GAM) was used to account for the longer-term changes in pH 167 between days within each individual animal. A separate GAM was fitted to the pH data series from 168 each animal using the mgcv package (Wood, 2011) for R (R Core Team, 2016) , and the estimated 169 
187
A more complex modeling procedure was then used in order to further examine the nature of any 188 differences in pH patterns between animals. These models were fitted to the data series from each 189 animal separately, so that the estimated patterns obtained from each animal were not influenced by 190 the data from other animals. The standard sine wave model was extended to allow the value of the 2 rates of change to vary, so 193 that the increase in pH from the minimum to maximum value might occur more quickly than the 194 decrease in pH from the maximum to minimum value. Such extensions to the standard sine wave 195
are not possible using a linear model system, but can be made using a non-linear model system. A 196 non-linear periodic function was therefore written to extend the standard sine wave model with an 197 additional parameter to allow the shape of the wave to be skewed so that the minimum trough 198 points could be moved relative to their standard equidistant position between maximum peaks. This 199 mechanism allows a skew parameter, γ, to control the rate of change for increasing and decreasing 200 pH phases while still retaining the amplitude, periodicity and phase of the standard sine wave 201 model. This parameter is also defined on the interval (-∞, ∞) to facilitate estimation, although it is 202 subsequently transformed to the interval (-0.5, 0.5) using a scaled and re-centered logistic 
212
As with the simpler models described above, 2 separate sine waves with frequencies of 1 oscillation 213 per 24 hours and either 2 or 3 oscillations per 24 hours were used to explain diurnal variation and 214 the influence of farm management factors associated with the frequency of daily milking. A GAM 215 was also used to account for longer-term temporal trends within each animal as before, although the 216 GAM and non-linear components were fitted iteratively (each using the estimates from the other 217 those observed from the data) can be used to identify periods during which abnormalities have 243 occurred. Residuals can be calculated as either signed or absolute, with the former taking into 244 account the difference between positive residuals (underestimates) and negative residuals 245 (overestimates), and the latter removing the sign so that only the magnitude is recorded. We 246 summarized these residuals over 24-hour periods, so that the degree of predictability or abnormality 247 was quantified for each animal and observed day. Rather than basing the predictions on the entire 248 data series, the model from which predictions were made was sequentially re-fit to a subset of the 249 pH data for each observed day. This data subset excluded the 3-day period of observations from the 250 day before to the day following that for which predictions and residuals were to be calculated, thus 251 avoiding any potential bias from including the same data in calculating both the model fit and 252 residuals. Each animal was modeled separately using the best-fitting model for the separate data, as 253 described above. 254
255
Residuals from each separately fitted model were calculated for the relevant day, and the results 256 combined into a single series of residuals for each observation per animal. These were subsequently 257 summarized for each 24-hour time period into (1) the mean of the residuals for the day and (2) the 258 mean of the absolute residuals for the day, which respectively represent (1) a period of unexpected 259 sustained acidosis or alkalosis and (2) a period of unpredictability in pH (regardless of direction). 260
Summary statistics based on the raw data were also used, representing (3) the number of pH 261 observations for that day that were greater than an animal-specific upper threshold and (4) the 262 number of pH observations that day that were lower than an animal-specific lower threshold. These 263 thresholds were taken from the 1 st and 99 th percentile (i.e. 1% most acidic and 1% most alkaline) 264 over the entire observation period for that animal, as previously calculated. These summary 265 F o r P e e r R e v i e w 12 statistics were intended to be closer in concept to the traditional pH threshold for declaring acidosis, 266 with the exception of using an animal-dependent threshold. 267
268

Relating Abnormalities to Production Characteristics 269 270
To demonstrate the ability of our statistical methods to identify abnormalities in pH series, we 271 related the 4 daily summary statistics given above to contemporary daily measurements of dry 272 matter intake and milk yield available for the 24 animals in herd B1. The Ali-Schaeffer curve (Ali 273 and Schaeffer, 1987; Buttchereit et al., 2010) was used to standardize the observed daily milk yields 274 by days since the start of the lactation, in order to simplify the comparisons. Multivariate linear 275 mixed effects regression models were used to model the daily productivity of all 24 cows, using the 276 cow ID as a random effect, and fixed effects relating to the 4 summary statistics of pH 277 measurements and model predictions, as given above. Separate models were fitted to the 2 278 productivity parameters of dry matter intake recordings and standardized milk yields, using 279 identical predictor variables. The data were aligned so that summary statistics for pH measurements 280 and model predictions were used from 2 days before the corresponding productivity observations, 281 in order to maximize the potential predictive ability of the model by using the smallest time lag that 282 would be useful in practice. All linear mixed effects regression models were fitted using the lme4 283 Modeling results from the combined dataset are shown in Table 2 . The mean squares estimates 299 indicate that both daily and milking-frequency sine waves are important components of pH 300 variation, and that mean pH varies dramatically between farms (and to a lesser extent between 301 animals on the same farm). The results also suggest that the precise pattern of pH variation varies to 302 some extent between farms, but appears to be more consistent between animals on the same farm. 303 F-tests indicated that all fixed effect terms and interactions were significant (p < 0.001), although 304 these p-values should be interpreted with caution due to the non-independence of residuals in the 305 fitted model. 306 307
Individual Animal Data Results 308 309
For the purposes of illustration, the 3 individual components of the more complex statistical model 310 corresponding to the GAM, daily-frequency sine wave and milking-frequency sine wave (as 311 estimated from the data for 2 representative animals) can be seen in Figure 4 . The proportion of the 312 variance explained by the GAM component was between approximately 0% and 90%, depending 313 on the animal (Figure 5a ). Adding a sine wave to account for daily cyclical variability accounted for 314 F o r P e e r R e v i e w 14 between 10% and 70% of the remaining variance, whereas adding a skew parameter γ and a second 315 sine wave corresponding to known milking times generally accounted for less than 10% of the 316 remaining variance (Figure 5b-d) . One interesting exception is that the milking-related sine wave 317 accounted for between 7% and 35% of the remaining variance for all 24 animals on farm B1. A 318 comparison of model fit using AIC indicated that the addition of the skew parameter γ was 319 supported for 82 of the 93 animals (Table 1) , and the addition of the second sine wave was 320 supported for 92 of the 93 animals. Models including the correct milking frequency were preferred 321 for 61 of the 93 (66%) animals, and models with the second sine wave adjusted to match the 322 interval between milking events were preferred to models with regularly spaced time intervals for 323 72 out of the 93 (77%) animals. 324
325
The daily pattern corresponding to the maximized likelihood of the models including a single sine 326 wave with skew parameter (for ease of comparison between farms) is shown in Figure 6 . The skew 327 parameter (allowing different rates of increasing vs. decreasing pH) varied between data series, with 328
46 showing a substantially faster increasing vs. decreasing pH, 29 showing a substantially faster 329 decreasing vs. increasing pH, and the remaining 102 data series estimated as close to a standard sine 330 wave. The amplitude was estimated between 0.1 and 0.2 pH units for most animals. The plotted 331 curves show a high degree of consistency for all animals in terms of the period of peak pH around 332 06:00 -08:00 h, with a corresponding trough at around 18:00 h ( Figure 6 ). The patterns appear to 333 be more consistent within farm than between farms, for example farm A6 shows a very similar 334 signature for all animals that is almost unique to that farm. However, farm B1 shows 2 apparent 335 sub-groups of animals with patterns resembling those from farms B4 and A6, respectively, and 336 there is also an individual pattern that does not closely resemble the majority at farms B3, A3, & 337
A4. This suggests that despite the general consistency within a farm, individual-cow factors can 338 in herd B1. The patterns of mean residual and mean absolute residual indicated some similarities 345 due to the correlation between the measurements (Supplemental Figure S1 ). Most animals showed 346 little qualitative evidence of strongly 'abnormal' events, but deviations could be detected visually, 347
for example towards the end of the series in animals 5, 6 and 11. These 3 events seem to be 348 concurrent with abnormally high numbers of extreme pH observations (Supplemental Figure S2) , 349 although the latter plot is more difficult to interpret. 350
351
There was a total of 1,043 observations of daily dry matter intake and 970 observations of daily 352 milk yield (after correcting for stage of lactation) that could be related to the pH observations in the 353 24 animals from herd B1. Results of the 2 multivariable models show that an increasing daily mean 354 absolute residual had a significant (p < 0.001) and strongly negative effect on both production 355 characteristics (Table 3 ). In contrast, neither the daily mean residual nor the number of extreme pH 356 observations (either high or low pH) had a significant effect on either milk yield or dry matter 357 intake. This indicates that deviations from a predictable daily rhythm (as represented by the mean 358 absolute residual) are associated with decreased productivity, whereas neither changes in the daily 359 average pH (as represented by the daily mean residual) nor extreme pH events are directly 360 associated with productivity. However, there were also substantial differences between animals, particularly in terms of the 375 average pH observed during the study, and the proportion of the overall variance that could be 376 attributed to long-term predictable changes in pH and short-term cyclical behavior. There was also 377 potentially biologically interesting variation in the peak difference in pH (amplitude) between 378 animals, and particularly between farms. There was also substantial longer-term temporal variation 379 in some animals, which may reflect either gradual changes in pH function (due to e.g. dietary 380 factors) or pH drift in the sensors, and necessitated the use of a GAM. 381
382
The model-fit comparison also allows some recommendations to be made in terms of modeling 383 these data for other purposes. The addition of a sine wave to explain short-term variation in pH was 384 strongly justified for all animals, and was able to account for a substantial portion of the observed 385 variation in pH, suggesting that simple daily cyclic activity should be accounted for, particularly 386 when comparing pH values observed at different times of the day. The addition of a second sine 387 wave to account for management factors associated with the known frequency of milking was also 388 the same farm, which could justifiably be ignored in some situations. However, we recommend that 391 differences in temporal variation between farms and inconsistent mean pH between animals on the 392 same farm should always be taken into account. The addition of a skew parameter to allow pH to 393 increase and decrease at different rates was also supported for the majority of animals, but had a 394 much smaller role in explaining the variance and requires the use of more complex non-linear 395 models. However, further research is warranted into the potential nutritional implications of this 396 imbalance between the rates of increase and decrease in pH. Finally, the fact that the 'correct' 397 frequency of milking was not consistently identified on most farms suggests that the improved fit of 398 these models is partly due to the effects of fitting an additional harmonic frequency rather than a 399 mechanistic effect related to milking. However, farm B1 consistently showed a substantially 400 improved fit when including the correct frequency, and for the timings linked to the estimated 401 milking times rather than equally spaced throughout the day, suggesting that the sine wave reflects 402 a real process on this farm. This could indicate a high degree of regularity in the relevant factors 403 associated with the daily schedule of this farm (such as feeding times), which is far more likely to 404 be the true cause of regular pH patterns than the milking process itself. Note that the most relevant 405 management factors need not occur at the same time as milking, as each sine wave allows the 406 peak/trough time to occur at any point during the cycle for each animal independently; only the 407 frequency is fixed. 408
409
The focus of this manuscript is on providing an insight into the variation of qualitatively 'normal' 410 pH series between dairy cattle within and between farms. However, the ultimate goal of monitoring 411 reticuloruminal pH is not to describe normality, but to detect situations where there is evidence for 412 an abnormal pattern. Although they are not standard threshold pH values, the 1 st and 99 th percentiles 413 F o r P e e r R e v i e w 18 for each animal were chosen to reflect the relatively unusual observations within pH series that did 414 not contain observations generally considered to be extreme. There was no association between 415 productivity and the frequency of these 'extreme' pH observations. However, using the mean 416 absolute residual between the fitted model and observed data over a daily time period, we have 417 demonstrated that it is possible to predict changes in the milk yield and dry matter intake of the 418 cow, even when based on data from clinically normal cows. Further work is required to refine this 419 system in order to optimize the sensitivity to changes in pH variability, and to develop models for 420 real-time monitoring that are able to continuously adapt to the specific pH pattern of an individual 421 animal based only on the previously observed values. A key goal of further research will be to 422 investigate the predictive utility of reticuloruminal pH measurements based on past measurements, 423 perhaps using a method such as a DLM (Madsen et al., 2005; Bono et al., 2012; Jensen et al., 2017) . 424
Using residuals from a DLM was previously shown to be useful for detecting specific production-425 relevant events such as mastitis in dairy cows (Jensen et al., 2016) and oestrus in group-housed 426 sows (Ostersen et al., 2010), as well as non-specific events in animal production (Madsen and 427 , 2005; Cornou et al., 2008) . Multivariate DLM also allows data series gathered from 428 multiple different sources to be modeled simultaneously, and the covariance between the different 429 variables to be taken into account when forecasting expected observations (Jensen et al., 2015 (Jensen et al., , 430 2016 . It is therefore likely that using both reticuloruminal pH and feed intake data with a combined 431 model would result in improved performance in detecting undesirable events when compared to pH 432 data alone. 433
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CONCLUSIONS 435 436
Continuously monitored reticuloruminal pH data show a strong and predictable short-term pattern 437 that is well described by a simple sine wave with a frequency of 1 cycle per day. More complex 438 F o r P e e r R e v i e w 19 models, including an additional sine wave and a skew parameter, give incrementally smaller 439 additional benefits, but can be used to demonstrate differences between animals. Deviations from 440 the expected daily cyclical variation were significantly associated with reduced production, but 441 there was no apparent effect of 'extreme' pH observations on productivity. We therefore conclude 442 that future efforts to describe continuously monitored pH data should be based on deviations from 443 an expected predictable rhythm rather than observed measurements below some arbitrarily defined 444 pH threshold. Ali-Schaeffer curves Table 3 Individual Data
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